Abstract: This article features results from a fuzzy controller with fuzzy dynamic correction for the non-linear control of objects with variable parameters. The methods described herein have been used on a fuzzy proportional-differential (PD) controller, and our results show that fuzzy dynamic correction can reduce overshoot and shorten the settling time of the controlled parameters.
Introduction
Experimental and theoretical investigations of the dynamic characteristics of aggregates and air conditioning systems (ACS) reveal that such systems are governed by strongly non-linear differential equations. Moreover, these studies have highlighted the significance of the uncertainties that exist in both the static and the dynamic formulations of the aforementioned equations [1] . Furthermore, it was found that the units' transfer functions, under operational conditions characterized by unsteady heat and moisture, deviated significantly from calculated values. Consequently, depending on the nature of the change in the controlled parameter and as a result of the uncertainties in the mathematical models of ACS, regulators must also have variable coefficient settings in order to reduce their settling time. This will increase the robustness of the * E-mail: vint53@list.ru controller when there is insufficient information needed to control the object.
In this paper, we present the implementation of a robust ACS controller based on the combination of a proportionalintegral-differential (PID) controller with a fuzzy PD controller equipped with fuzzy dynamic correction. The approach yields minimum overshoot and settling time of the operating parameters. Fig. 1 shows a block diagram of the proposed architecture.
Review of the State-of-the-Art
PID regulators do not always produce the optimum dynamic characteristics when controlling non-linear objects, including ACS [1] . Furthermore, as can be deduced from the theory of automatic control, these regulators exhibit poor performance when there is insufficient information about the controlled object [2] .
One design approach that circumvents this issue is the use of fuzzy logic methodology in implementing the con- trollers [3] . As previously mentioned, such an implementation results in reduced overshoot of the controlled parameters in ACS control applications. These fuzzy logicmodified controllers, in contrast with classical regulators, are based on the use of linguistic variables, and their operation is dictated by the theory of fuzzy sets [3] .
There exists a wide variety of fuzzy controllers that are currently used in real world applications. In recent years however, there have been increased efforts devoted towards implementing fuzzy PD, PI, and PID controllers.
The metric that is used to assess performance of these novel controllers is the overall reaction of the control system as a result of a change in the set point of the controlled parameters. However, a more appropriate performance metric ought to encompass the ability of the controller to remain functional despite perturbations in the controlled object [3] [4] [5] .
Moreover, there is a significant challenge in implementing a fuzzy PID controller since it must have a three-dimensional rule table. Configuring the controller at or close to the optimal setting is difficult because the implementation of a large rule base requires substantial computational resources and time.
For example, the number of rules required to take into account all possible combinations of a fuzzy PID controller is 1 The typical approach used to reduce the number of rules is to use a combination of controllers; a PD component is used to implement the fuzzy algorithm, and the integral (I) controller which uses the remaining two inputs to implement the classical control algorithm. This method significantly reduces the number of control rules without compromising regulation performance [6] . One of the promising applications of fuzzy logic controllers with variable coefficients is in non-linear control. In this construct, fuzzy logic is used to build the regulator and to organize the dynamic adjustments of the coefficients. The next section covers the development of a PID controller equipped with a fuzzy PD component as well as component for fuzzy dynamic correction.
PID controller with fuzzy pd component and fuzzy dynamic correction
The proposed controller can best be analyzed by considering its input and output characteristics. The input variables are the coordinates of the error in the output regulation, denoted ( ), and that of its derivative, denoted / . The output variable thus consists of the actuation control command, denoted ( ).
In the fuzzification of the PD component (see Fig. 1 ), two components of the error signal (after the AutoConfig block) are converted into fuzzy variables which are then fed to a fuzzy inference block in order to generate the control action variable ( 1 ). Control inputs 1 , which corresponds to defuzzification after surgery, and 2 , integration after surgery, go to the adder and the controlled object. The main features that used fuzzy logic consisted of the PD controller and the hardware that accounts for the corrective amendments to the coefficients of the controller settings ( , I , D ), as afunction of the current value of the parameter adjustment.
The controller starts by finding the initial approximation of the coefficients , I , and D . Usually, this is done using the Ziegler-Nichols methods which makes use of the oscillation period of the numerical values of the coefficients which are then used to form a criterion function necessary for finding the optimal values of the settings [4] .
During fuzzy dynamic correction, the AutoConfig block selects the input and output ranges, the shape of the membership functions of the unknown parameters, the fuzzy rules, the inference mechanism, and the defuzzification method. The PD controller, using these search parameters, then implements the optimization algorithms.
The objective function for implementing the optimization problem is the integration of the sum squared error and the settling time of the output variable of the controlled object. With restrictions present on the membership functions, the unknown parameters are then chosen as the membership functions' maxima. Figures 2 and 3 illustrate, respectively, the processes and the membership functions needed for fuzzification of the input variables within the AutoConfig bock and that required can dramatically simplify the performance requirement for operating with fuzzy rules, aggregation, and defuzzification, using the right side of the singletons. Thus, the controller produces seven measures of linguistic influence on the actuator. Figure 2a and Figure 2b show the seven linguistic terms which correspond to the input and output variables. The terms are: positive big (PB), positive medium (PM), positive small (PS), zero (Z), negative small (NS), negative medium (NM), and negative big (NB). Membership functions in Figure 2a are triangular, Sshaped, and Z-shaped. These forms of membership functions are simple and thus reduce the time spent during the calculations. Figure 3 shows the membership of the coefficients of the AutoConfig block which comprises the PID controller and the component that performs fuzzy dynamic correction. The rules that govern the regulatory functions of the variable parameter PD controller are listed in Table 1 . Using these fuzzy rules, the PD controller produces the output variable u1. Depending on the current value of the parameter, regulating the corrective amendments of the AutoConfig settings ( , I , D ) are also formulated by the relevant rules listed in Tables 2 through 4 . The control rules were framed to achieve the optimum performance; a total of 49 rules were used in this work. The output u1 of the fuzzy PD controller was computed by Mamdani's [7] and was simulated in Matlab [8] . Consequently, the membership functions for the intersection and union sets of the error in the output coordinates ( ) and their derivatives ( / ) were calculated as follows:
Membership functions for each of the 7 linguistic measures included in the variable 1 yield the following form:
where µ 1 (˜ 1 ) µ 49 (˜ 1 ) are the output variable membership functions of the fuzzy PD controller. µ 1 ( ) µ 49 ( ), that of the error control of the output coordinates of the objects and µ / 1 ( / ) µ / 49 ( / ) the membership function of the input variables, which correspond to the derivative of the error control. Each equation in (3) corresponds to one of the rules of Table 1 . The accumulation of the resulting membership function of the control action variable is given by the union of all the fuzzy rules shown in Table 1 as shown below:
Realization of a fuzzy controller with fuzzy dynamic correction What follows is defuzzification which is performed using the center of gravity (COG) method. This results in the following membership functions:
Using the COG method, the variable u1 is calculated as the abscissa of the center of gravity of the square formed by the membership function µ(˜ 1 ) and the axis˜ 1 . Similarly, the outputs of the fuzzy blocks in AutoConfig (see Figure 1) are calculated using the Mamdani fuzzy rules of Tables 2 through 4. 
FPGA-based development of the PID controller with fuzzy dynamic correction
In this section we discuss the development of the PID controller in a field-programmable gate array (FPGA) in accordance with the previously described schemes. To obtain optimum parameters, the CAD tools Quartus II (ver. 9.1) and Altera FPGA were used. These software allow a full design cycle, namely, the entry, inspection, and the programming of the chips. Figure 4 shows the FPGA implementation performed on the Altera platform.
PID controller with fuzzy dynamic correction model utilizing MATLAB
The PID controller was modeled in the MATLAB environment utilizing the Fuzzy Logic Toolbox [8] . The model is shown in Figure 5 , and the simulation result for the controller's response surface is shown in Figure 6 . The control surface is shown for the output variable u which results from changes in its input variables, namely, and / . Figure 7 shows the result from a classical PID controller with constant parameters and that of the novel implementations proposed in this paper. Using our model, the performance of regulators was investigated when used in a control loop for the management of ACS heat exchangers in the presence of a step-wise perturbation with zero-valued initial conditions. In this situation, the heat exchangers were modeled as a first-order aperiodic link delay for which the coefficients were as follows: = −0 3 0 3; I = −0 06 0 06; = −3 3. Parameters needed for the dynamic correction were chosen as: = 0 3; I = 0 06; = 0 56. For comparison, we also studied the same system utilizing a classical PID controller; its settings were fixed at = 2; T = 0 25 sec.; T = 0 025 sec during the simulation.
As Figure 7 shows, the results suggest that the proposed approach has a 1.5 times lower overshoot than that produced by the classical PID controller. This corresponds to a 3 times reduction in the time needed to establish the control parameters to their optimum value. Consequently, we conclude that for managing a heat exchanger for ACS control, a PID/PD fuzzy controller, such as the one proposed in this paper, in addition to fuzzy dynamic correction is optimum.
Conclusions
In this paper we have proposed and demonstrated a PID controller which comprises a PD controller with fuzzy dynamic correction. The system was implemented using the input and output parameters of an auto-configuration block (denoted above as AutoConfig). Our results show that, when compared with the classical PID controller with constant coefficients, the settling time of the controlled parameter is greatly reduced. For ACS applications, in which there is inherently insufficient information to control the object, our approach yields the optimum performance.
